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Vector-borne diseasesMalaria was endemic in Europe formore than twomillennia until its eradication in the 1970s. Recent autochtho-
nous cases registered in Greece have increased the awareness regarding the threat of malaria re-emergence in
Southern Europe. Currently, the presence of competent vectors, suitable environmental conditions and the
evidences of a changing climate may increase the widespread re-emergence of malaria in Southern Europe.
This work focused on determining the current relationships between environmental factors and the density of
the former malaria vector Anopheles atroparvus in Portugal, a previously endemic country. Adult females were
sampled and vector density was estimated in 22 sites in Southern Portugal between 2001 and 2010 and related
with land cover and satellite-derived air temperature and vegetation indices. The relationship between vector
density and local larval habitat, temperature and, in a broader sense, to environmental suitability, was assessed
using a statistical modelling approach.
Results showed that present environmental conditions are suitable for vector development at high densities and
the spatial and temporal patterns closely resemble the ones registered in the past endemic period. The use of
satellite-derived data, together with statistical models, allowed the extrapolation of suitable environmental
conditions for vector development from site-level to the Portuguesemainland territory. Thiswork also improved
the baseline knowledge needed to understand the potential impacts of future environmental changes on vector
density and, indirectly, on the risk of malaria re-emergence.
© 2014 Elsevier Inc. All rights reserved.1. Introduction
Human malaria is an infectious disease caused by Plasmodium para-
sites and transmitted by mosquitoes of the genus Anopheles. It is an
important public health problem with more than 200 million cases
reported per year, of which 1 million result in death (WHO, 2010).
Malaria was endemic in Europe for more than two millennia (Kuhn,
Campbell-Lendrum,&Davies, 2002), but socio-economic and agricultural
changes (Reiter, 2000), and the implementation of control campaigns led
to its eradication in the 1970s (WHO, 1978). Since then, imported
(Baldari et al., 1998; Castro, Cardoso, Queirós, & Gonçalves, 2004) and
autochthonous cases (Danis et al., 2011; Vakali et al., 2012) have been
reported in European malaria-free countries.s, Instituto Superior Agronomia,
7, Lisboa, Portugal. Tel.: +351
ghts reserved.The present status of anophelism (i.e. the presence of Anopheles
mosquitoes) without malaria in most of Europe indicates that current
socio-economic conditions, particularly due to the changes that have
reduced the human exposure to mosquitoes and the rapid treatment of
imported cases, as well as environmental conditions, maintain the basic
case reproduction number (Ro) below1 (e.g. Kuhn et al., 2002). However,
the existence of i) competent vectors, ii) suitable climate, iii) proximity
andhistorical connection toAfrica andAsia, iv) pronounced environmen-
tal changes and v) high immigration rates, may potentially re-introduce
malaria especially in southern Europe (Sainz-Elipe et al., 2010). In partic-
ular, predicted future climatic conditions may be potential drivers
of vector-borne disease re-emergence in temperate regions (IPCC,
2007; Lindsay, Hole, Hutchinson, Richards, & Willis, 2010; Martens
et al., 1999). Global warming can signiﬁcantly increase mosquitoes'
vectorial capacity for several reasons, including the reduction of the
Plasmodium extrinsic incubation period, the extension of the favourable
mosquito breeding period, and the increase in adult vector density,
longevity and biting rate (Jetten, Martens, & Takken, 1996; Calheiros,
Santos, Calheiros, & Kovats, 2006; Lafferty, 2009). Some authors have
117A. Benali et al. / Remote Sensing of Environment 145 (2014) 116–130stated that the current potential disease transmission window is signiﬁ-
cant and can widen with temperature increase, as well as expand to
other presently non-suitable areas (Lindsay et al., 2010; Sainz-Elipe
et al., 2010; Shroeder & Schmidt, 2008). Others have shown that the
historical malaria distribution in Europe was more strongly related to
other factors than climate (Kuhn, Campbell-Lendrum, & Davies, 2004).
The recent autochthonous cases registered in Greece (Danis et al.,
2011; Vakali et al., 2012) have increased the awareness regarding the
threat of potential malaria re-emergence in southern Europe.
In the absence of disease transmission, the risk of malaria re-
emergence can be assessed using vector density as a rough indicator
(Kuhn et al., 2002). Although the approach is simple, the results must
be addressed with caution because several other factors interplay and
contribute to the risk of re-emergence. Anopheles atroparvus is presently
widespread through most of Europe (Kuhn et al., 2002; Sinka et al.,
2010) and is considered an efﬁcient malaria vector in western Europe
(Capinha et al., 2009; Sainz-Elipe et al., 2010). Since vectors' develop-
ment, behaviour, distribution and vectorial capacity are highly dependent
on environmental factors (Mellor & Leake, 2000), these relationships
must be understood in order to assess the impact of future changes in
mosquitoes' abundance and distribution (Kuhn et al., 2002; Rogers,
Randolph, Snow, & Hay, 2002). On the other hand, the completion of
the extrinsic incubation period of the parasite within the mosquito
vector is also dependent on temperature, and therefore may also be
affected by environmental factors (Warrell & Gilles, 2002).
The interactions between environmental conditions and disease
vectors have been studied worldwide (e.g. Hay, Snow, & Rogers, 1998;
Lindsay, Parson, & Thomas, 1998). However, for Europe, there is still
limited knowledge of how environmental factors interplay and inﬂu-
ence the dynamics of local malaria vectors. A small number of studies
have focused on some aspects of the relationships between anopheline
species, particularly for An. atroparvus, and environmental factors.
Improved knowledge of these relationships is crucial to understand the
dynamics of anopheline species (Cailly et al., 2011; Romi et al., 2012;
Tran et al., 2008). Some conclusions found in the literature include:
• An. atroparvus is preferentially zoophilic and rests in animal sheds and
stables (Bates & Hackett, 1938; Cambournac & Hill, 1938; Hutchinson,
2004; Pires, Ribeiro, Capela, & da Cunha Ramos, 1982).
• An. atroparvus requires water for breeding and vegetation for resting
and predator protection (Cambournac & Hill, 1938; Hutchinson,
2004; WHO, 1982). Thus, land cover and land use play an important
role in the mosquitoes' development (Dale & Knight, 2008; Minakawa
et al., 2005; Pope et al., 1994; Shililu et al., 2003). The immature stages
of An. atroparvus are usually found in clean, sunlit, standing fresh or
brackish water (Bates & Hackett, 1938; Cambournac & Hill, 1938;
WHO, 1982).
• Some mosquitoes depend directly on rainfall for the formation of
breeding sites. Others use stable and permanent habitats where the
lack of rain may not be a relevant factor for mosquito larval production
(Service & Townson, 2002). Artiﬁcial irrigation and open water bodies
provide important rainfall-independent breeding sites where An.
atroparvus is often found (e.g. Sainz-Elipe et al., 2010).
• Temperature inﬂuences mosquito survival, behaviour and larval-to-
pupal development time (Cambournac & Hill, 1938). Although known
to be a very tolerant species, the survival and development of An.
atroparvus is constrained in locations with high diurnal temperature
ranges (Kuhn et al., 2002). Furthermore, very low temperature can
cause high mortality in resting females, especially if temperatures
drop below 0 °C (Hutchinson, 2004), and high temperature can reduce
adult survival, especially above 40 °C (Cambournac & Hill, 1938).
The success and usefulness of studying the relationships between
environmental drivers and mosquito distribution depend on the selec-
tion of suitable variables at the appropriate spatial and temporal scales
(Pope et al., 1994). Moreover, predictions over unsurveyed areas can
only be established using environmental parameters acquired at asuitable spatial and temporal resolution over a wide geographic range
(Kuhn et al., 2002; Rogers et al., 2002). Satellite data is suitable to provide
environmental surrogates and has been used to study vector-borne
diseases at a large spatial scale (e.g. Green & Hay, 2002; Machault et al.,
2011; Rogers et al., 2002). Several studies have usedmedium-high reso-
lution satellite data (e.g. Landsat, Mikonos, SPOT) to identify and charac-
terize potentialmosquito larval habitats (Hay et al., 1998;Mushinzimana
et al., 2006; Pope et al., 1994). The spatial and temporal variability of
satellite-derived vegetation indices has been correlatedwith the dynam-
ics of vector populations (Britch et al., 2008; Lourenço et al., 2011; Sainz-
Elipe et al., 2010). Coarse satellite-derived meteorological surrogates
have also been related to the dynamics of vector populations (Hay,
Tucker, Rogers, & Packer, 1996, 1997; Rogers, Hay, & Packer, 1996).
Improvement of the current knowledge on the potential re-
emergence of malaria in Europe requires further in-depth analysis
regarding the environmental drivers of one of the most widespread
European vector species (An. atroparvus), aiming to enhance our ability
to estimate potential changes in its distribution and, indirectly, changes
in the risk of re-emergence. Few studies have integrated the multiple
environmental components that inﬂuence European vectors, at the
appropriate spatial-temporal scale. Someof thesemulti-factorial studies
used coarse climatic and land cover data (e.g. Kuhn et al., 2002), not
capturing important ﬁne-scale environmental features, such as climatic
variability, and land cover fragmentation and heterogeneity. Further-
more, the useof vector presence/absence data has beenmore commonly
used than adult vector abundance, despite the high importance of
the latter for epidemiological studies, especially for the R0 calculation,
and close connection with previous malaria transmission periods
(e.g. Capinha et al., 2009; Rogers et al., 2002). The few studies that
have used adult vector abundance in Europe focused on very small
areas (e.g. Lourenço et al., 2011; Sainz-Elipe et al., 2010; Tran et al.,
2008), lacking of a regional scope which is crucial for understanding
the dynamics of vector density at different scales. Therefore, if adult
vector abundance could be estimated at a regional level, indicating hab-
itat suitability and favourable environmental conditions. Moreover, in
areas where diseases are vector-density dependent, as it was the case
of malaria in Portugal, the estimation of adult vector abundance can
help deﬁnemore accurately regions prone to outbreaks. This would cer-
tainly constitute a considerable advantage over just presence/absence
data.
The purpose of this work is to overcome some of these limitations,
by integrating satellite-derived environmental drivers, such as air
temperature, land cover and vegetation indices at the appropriate
spatio-temporal scale in order to identify suitable conditions for the
development of An. atroparvus in Portugal. We aim at improving the
state-of-knowledge on vector density, one of the multiple factors
responsible for malaria transmission.2. Methodology and data
2.1. Study areas
The study was performed in Portugal, located in south-western
Europe. The Northwest of the country has a humid Mediterranean
climate, with cold winters and mild summers; the vegetation is mostly
forest, although there are large irrigated areas (rice and corn) and
marshlands close to the estuaries of major rivers, where malaria was
endemic in the past. The Northeast has a sub-humid Mediterranean
climate with higher temperature amplitudes, covered mostly by forests
and shrublands; temperature can reachhigh values in summer, especially
in the plateaus surrounding the upper valley of the Douro River, which
was also an endemic malaria region. The South has a dry Mediterranean
climate, withmild winters andwarm summers, especially in the interior.
The land cover includes agroforestry and large areas of irrigated crops
(rice and corn) and marshland, especially near the coastline.
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through the use of vector control measures and patient treatment
(Bruce-Chwatt & Zulueta, 1977). Nevertheless, some imported infection
cases have been registered since then (Castro et al., 2004). During the
endemic period, the transmission of malaria was mosquito-density
dependent and occurred for about 4–5 months, between the end of
April and mid-October, while vector density peaked between June and
August depending on the region (Cambournac, 1942). During this period,
An. atroparvus was the only mosquito species responsible for malaria
transmission in Portugal and nowadays it is still the most abundant
anopheline, widespread throughout the entire country (Almeida et al.,
2008; Ribeiro, Pires, & Capela, 1988). The current spatial distribution of
this species' habitat suitability presents similarities with former malarial
areas (Capinha et al., 2009).
The study areawas divided in four distinct study regions in southern
Portugal, as shown in Fig. 1, and the extrapolation was made for the
entire territory.
Comporta is located in a ﬂat coastal area with a very heterogeneous
landscape dominated by wetlands, irrigated agriculture and natural
vegetation. Due to its proximity to the Atlantic Ocean, temperature is
mild with low daily amplitudes and average temperature is between
10 and 26 °C, respectively for winter and summer. The presence of
irrigated agriculture, mainly rice ﬁelds, leads to high vegetation produc-
tivity and the presence of standing water during spring and summer,
when temperature is highest. Until the 1950s this region was a hyper
endemic area of malaria (Cambournac, 1942, 1994).
The Alqueva region is semi-arid with high diurnal temperature
amplitudes and average temperature between 5 and 30 °C, in winter
and summer, respectively. The hot and dry climate supports a land
cover dominated by non-irrigated agriculture and natural vegetation
surrounding the Guadiana valley. In 2002, the Alqueva dam, the largest
freshwater artiﬁcial reservoir in Europe, was built to provide water for
irrigation purposes and has gradually changed agricultural cultures
and practices. Additionally, it has impacts on the surrounding environ-
mental conditions that affect mosquito development and survival, such
as air temperature, relative humidity and breeding habitats. Malaria
was present in some areas of Alqueva, as well as in other parts of the
Guadiana basin at endemicity levels ranging from low to moderate
(Cambournac, 1942).
The two remaining study regions are located in Algarve, at the
southern coast of Portugal. Algarve has a strong East to West spatial
gradient of average and diurnal temperature range, justifying twoFig. 1. Sampling areas' distribution in Southern Portugal. The different sampling regseparate study areas: one with a warmer and a more arid climate in
the East, and another with milder temperature in the Center-West.
The annual average temperature ranges in the East (which comprises
the downstream region of the Guadiana valley) are similar to those in
Alqueva, and in the Center/West are similar to Comporta, due to the
Atlantic Ocean inﬂuence. The land cover is mainly composed by natural
vegetation, varied agricultural covers (irrigated and non-irrigated) and
wetlands. Since Algarve is a highly touristic region a signiﬁcant number
of irrigated leisure facilities, such as golf ﬁelds, are also present. In the
past, Algarve presented a single, low-endemic, malarial region located
in the Centre (Cambournac, 1942). Recently, this particular region
became part of surveillance studies (Freitas, Novo, Esteves, & de
Almeida, 2012) due to the report of cases of mosquito-borne disease
infections (Connell et al., 2004).
2.2. Field data
Previous work in Portugal showed that An. atroparvus is best sam-
pled by hand mechanical aspiration while resting indoors in animal
shelters, as it rarely appears in CDC light traps (Almeida et al., 2008;
Sousa, 2008). The collecting method was optimized by aspirating mos-
quitoes resting in animal shelters for 10min, duringwhich experienced
collectors were able to catch a representative sample of mosquitoes,
when high densities were present. That time period is sufﬁcient to
survey the whole shelter before declaring it devoid of mosquitoes in
lowdensity population conditions. The highest possible number of sam-
ples was collected in each locality, within time and funding limitations,
capturing their variability at type of shelter and animal host present
(Lourenço et al., 2011). Collections were made in low height animal
shelters,where hostswere present all over the year andmorphologically
identiﬁed using Ribeiro andRamos (1999) identiﬁcation keys. According
to previous morphological and molecular studies (Ribeiro et al., 1988;
Sousa, 2008), An. atroparvus is the only species of the Maculipennis
complex present in the study area.
A total of 521mosquito sampleswere used for thiswork, collected in a
total of 22 sites distributed throughout the four study areas (Fig. 1), be-
tween2001and2010 (Table 1; see Supplement). The time span, sampling
frequency and the number of sites varied between regions since they
were collected during several entomological surveys. Since only the
females are responsible for the transmission of malaria, vector density
(hereafter VD) was calculated as the average number of An. atroparvus
females captured per collector per minute (fem. col.−1 min−1).I
II
III
IV
Comporta
Alqueva
East Algarve
Center/West Algarve
ions are delimited in black squares and the white circles are the sampling sites.
Table 1
Mosquito sampling global data characteristics.
Region Temporal coverage Sampling frequency Number of sites Number of samples
Comporta 2001–2005 Bi-weekly 3 209
Alqueva 2004–2005, 2007 Monthly 6 169
East Algarve 2009–2010 Monthly 5 70
Centre/West Algarve 2009–2010 Monthly 8 73
Total 2001–2005, 2007, 2009–2010 Bi-weekly and monthly 22 521
Table 2
Land cover larval suitability rank.
Land cover class name Larval habitat score
Rice ﬁelds 1
Permanently irrigated land 1
Sport and leisure facilities 1
Water bodies 0.75
Continuous urban fabric 0.5
Discontinuous urban fabric 0.5
Non-irrigated arable land 0.5
Salt marshes 0.5
Industrial or commercial units 0.25
Mineral extraction sites 0.25
Construction sites 0.25
Vineyards 0.25
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Satellite-derived air minimum, maximum and average temperature
(T2m, or temperature at 2 m height above ground surface) datasets for
2001–2010, derived fromMODIS LandSurface Temperature and auxiliary
data (Benali, Carvalho, Nunes, Carvalhais, & Santos, 2012) were used in
this study. These datasets with 1 km–8 day spatial and temporal resolu-
tion have a high reported accuracy providing reliable information of
T2m distribution across the entire study region and period.
The Corine Land Cover 2006 (CLC2006; EEA, 2007), derived from
satellite data, was used for the static characterization of land cover,
while theMODIS Collection 5 (C5) 16 day NDVI (Normalized Difference
Vegetation Index) and EVI (Enhanced Vegetation Index) datasets
provided dynamic characterization of vegetation development stage
and greenness integrating the effects of several environmental factors
(Britch et al., 2008). Both products were linearly interpolated to 8 day
periods to match the temporal resolution of the T2m dataset. The
Normalized Difference Water Index (NDWI; Gao, 1996) was produced
using MODIS 500 m weekly surface reﬂectance to characterize the
vegetation water content and presence of surface water.
To account for mosquito dispersal from larval habitats to sampling
sites, environmental data was related with site-level VD samples by
spatially aggregating the former using circular buffers. There is little
information regarding the ﬂight range of An. atroparvus, thus we chose
a wide range of radii between 500 m and 5 km following previous
works' (Cambournac & Hill, 1938; Kaufmann & Briegel, 2004; Tran
et al., 2008). For each buffer, a set of spatial statistics was calculated:
i) average; ii) percentile 75; iii) percentile 90; and, iv) maximum. The
spatial integration of data in several radii helps to account for the vari-
ability of mosquitoes' ﬂight range and habitat heterogeneity, and their
impact on samplings done at a much smaller spatial scale (Lourenço
et al., 2011; Tran et al., 2008).
Signiﬁcant time lags in the response of VD to changes in environ-
mental conditions can occur mainly due to the variability in the egg-
to-adult development times (Cambournac & Hill, 1938; WHO, 1982).
To account for this process, the relations betweenVDandenvironmental
(climatic and vegetation) variables were analysed considering also data
acquired one to ﬁve weeks prior to the sampling dates.Fruit trees and berry plantations 0.25
Pastures 0.25
Land principally occupied by agriculture,
with signiﬁcant areas of natural vegetation
0.25
Water courses 0.25
Coastal lagoons 0.25
Estuaries 0.25
Olive groves 0.1
Annual crops associated with permanent crops 0.1
Complex cultivation patterns 0.1
Agro-forestry areas 0.1
Broad-leaved forest 0.1
Coniferous forest 0.1
Mixed forest 0.1
Natural grasslands 0.1
Moors and heath land 0.1
Sclerophyllous vegetation 0.1
Transitional woodland-shrub 0.1
Beaches, dunes, sands 0
Salines 0
Sea and ocean 02.4. Relations between vector density and environmental drivers
2.4.1. Site–level relationships
The presence of productive larval sites has a close relationship with
the distribution of adult mosquitoes (Cailly et al., 2011; Machault et al.,
2011; Romi et al., 2012; Tran et al., 2008). The relationship between
VD and the mosquito larval habitat and temperature suitability were
studied at a site–level scale. It was assumed that a given area can support
vector density up to a certain carrying capacity due to its habitat condi-
tions (Lourenço et al., 2011) and this ceiling value was reﬂected by the
maximum VD over time. It was also assumed that the maximum VD
estimated in each site occurred at optimum climate conditions, thus,
its inter-site variability was mainly related with variations of the sur-
rounding mosquito larval habitat suitability.
Relationships between landscape surrogates andmaximum VDwere
analysed using two approaches: static suitability, assessed throughCLC2006 land-cover, and dynamic suitability (in time), assessed through
MODIS vegetation indices. In the ﬁrst approach, a suitability score
between 0 and 1 was assigned to each CLC2006 land cover class
(Table 2) based on both generic Anopheline and speciﬁc An. atroparvus
literature (Adamovic, 1975; Bates & Hackett, 1938; Cambournac, 1994;
Cambournac & Hill, 1938; Hackett & Missiroli, 1935; Mushinzimana
et al., 2006; Pires et al., 1982; Shililu et al., 2003; Takken, Geene, Adam,
Jetten, & van der Velden, 2002; Tran et al., 2008; WHO, 1982). Some
authors have previously used this suitability ranking approach based
on land cover classes (Capinha et al., 2009; Dambach et al., 2009; Pope
et al., 1994). Rice ﬁelds, other irrigated agriculture, sports and leisure
facilities were all deﬁned as optimum breeding habitats. The distance
to these optimum breeding sites was also used as a static surrogate
variable (Mushinzimana et al., 2006; Tran et al., 2008). In the second
approach, both MODIS vegetation indices and land cover variables
were combined to take into account the seasonal landscape dynamics.
Land cover suitability, vegetation indices and distance to optimum
breeding sites were spatially integrated using buffers as previously
described in Section 2.3. For the latter variable, spatial statistics (mini-
mum, percentiles 10 and 25, and average) were calculated to reﬂect
higher suitability due to habitat proximity. Two numerical approaches
were used to understand how selected environmental variables could
explain maximum VD: i) simple linear relations, following Lourenço
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logistic), using two independent variables at each time and testing ﬁve
different general equation types. We used an exploratory statistical
approach without assuming any pre-established type of relationships
and/or importance of each variable.
Temperature suitability for mosquito development and survival was
studied by applying the ﬁve different models. Some authors have stated
that vector development and survival may be reduced not only at low
but also at high temperature (e.g. Hutchinson, 2004; Kuhn et al., 2002;
Logan, Wolesensky, & Joern, 2006), thus this unimodal response should
be accounted in vector modelling (Lafferty, 2009; Rogers, 2006). The
Remote Vector Model developed by Lourenço et al. (2011) was applied,
however since it is based on a logistic equation it does not account for
upper temperature limitations. Alternatively, four other models were
also assessed: Gaussian, log-logistic, ﬁrst to third degree polynomials
and an inverse second degree polynomial equation (Macedo, Ferreira,
& Duarte, 1998; here after PI curve). The models were calibrated for all
samples and for each region individually. To describe the temperature
effect of a given T2m value, all the equations' outputs were normalized
considering their maximum calculated value to represent a limiting
factor, i.e. varying from 0 to 1. An optimum temperature effect threshold
(hereafter, Topt) of 0.7 was deﬁned empirically by comparing the distri-
bution of calculated temperature effect and VD (see 3.4.1). All T2m
values above Topt were considered optimum and suitable for vector
development. Topt comprises an important ecological concept because
it reﬂects the average T2m around which vector development and
survival are not signiﬁcantly limited by temperature ﬂuctuations.
To adjust the relations between VD and both temperature and larval
habitat suitability, a simple optimization scheme was implemented
with the aim of minimizing the square of absolute errors by adjusting
themodel parameters accordingly (e.g. Benali et al., 2012). Two statistical
measures were used to evaluate model adjustment: the Nash–Sutcliffe
model efﬁciency (MEF) index, a measure of model predictive power
(Nash& Sutcliffe, 1970), and the Pearson coefﬁcient (r2), used as amea-
sure of correlation and proportion of observed variability accounted by
the model (Steel & Torrie, 1960).
Finally, the relations between the spatial-temporal variability of VD
and the dynamics of both larval habitat and temperature suitability
were analysed together aiming to identify relevant environmental
patterns. We considered different subsets to identify the presence of
different clustered relations due to regional, host type and mosquito
larval habitat suitability differences. Three classes were considered for
the latter: low and high suitability, referring to sites where maximum
VD was below and above the percentiles 25 and 75, respectively, and
the medium suitability referring to the remaining sites.
2.4.2. Spatial mapping
Based on the site–level relationships between VD and environmental
drivers, the suitability for An. atroparvus development was mapped for
the entire Portuguese mainland territory. The technique was based on
two approaches: i) solely temperature, and ii) temperature and larval
habitat suitability.
In the ﬁrst approach, the T2m-based model with the best statistical
adjustment was adopted to describe the temperature suitability for
vector development. The satellite-derived T2m data set was used to
generate 1 km-weekly temperature effect maps for the 2001–2010
period. For each year, maps of the week of temperature effect peak
occurrence and, both the total and consecutive number of weeks per
year with temperature above Topt were created. The yearly maps were
then combined into a decadal map by calculating the average and stan-
dard deviation. A proxy of time lag between suitable T2m periods
(Dsuitconsec) was deﬁned to identify the proportion of consecutive over
the total suitable time periods for vector development (Eq. 1):
Dsuitcon sec ¼
Wsuittotal−maxWsuitcon sec
Wsuittotal
ð1Þwhere,maxWsuitconsec was the period with largest number of consecu-
tive suitable weeks per year and Wsuittotal was the total number of
suitable weeks per year. All areas with less than one suitable week per
year were considered unsuitable for An. atroparvus development.
The second approach consisted in generating maps of potential
maximum VD by coupling larval habitat and temperature suitability
(see Section 2.4.1), thus accounting for their interaction. Previous site–
level relationships, established betweenVDand larval habitat suitability,
were extrapolated to the entire Portuguese mainland territory. The
temperature dataset was re-sampled, using the nearest neighbour algo-
rithm, from 1 km to 250m and linearly interpolated to ﬁll in the existing
T2m gaps. The analysis was conducted per type of habitat drivers,
i.e. only static or both static and dynamic (see Section 2.4.1). For the
latter case, the extrapolationwas done for the largest consecutive period
with temperature above Topt assuming that the higher the number of
weeks with optimum temperature, the highest the suitability for vector
development.
To distinguish between areas with high and low temperature suit-
ability, an additional empirical variable was created. For each year and
each pixel, the number of weeks with optimum T2m was divided by
the maximum number of suitable weeks in the entire study area for a
given year, resulting in a temperature-limiting factor varying between
0 and1,which reﬂects the lowandhigh annual growing length suitability
of vector development, respectively. This was done separately for the
total and consecutive number of weeks with temperature above Topt.
The yearly potential maximum VD for each year was deﬁned as the
estimated maximum VD multiplied by the growing length suitability.
Finally, a decadalmapwas generated by calculating themean and stan-
dard deviation of the yearly maximum VD maps.
3. Results
3.1. Vector density dynamics
Monthly values of vector density for the four different study regions
are presented in Fig. 2, showing a remarkable seasonality, as expected.
Comporta, the most frequently surveyed site (see Table 1 and Supple-
ment), presents the highest An. atroparvus densities.
In Comporta, densities were high for about three months in the
entire year, increasing in June, peaking in midsummer and slowly
decreasing up toOctober/November. In Alqueva, themain peak occurred
in spring (May, June) and a lower peak occurred in autumn (around
October). In the summer, VD was consistently low although few excep-
tions occurred. In Algarve, due to different sampling frequencies, lower
number of samples and the wider range and variability of larval habitat
suitability surrounding the sampling sites, the intra annual patterns are
not as evident as in Comporta and Alqueva. At Centre-West Algarve,
VD seasonality presents medium-high values between May and
September, with high inter-site variability. In East Algarve, the VD sea-
sonalitywas similar to the one in Alqueva,with two yearly peaks, before
and after summer.
3.2. Larval habitat suitability
When simple linear relationships were used to deﬁne larval habitat
suitability, the land cover suitability, EVI and distance to breeding sites
individually explained 53, 40 and 31% of the maximum VD variability,
respectively. More than 70% of the sites had maximum VD values
captured in periods of T2m above the empirical Topt threshold.
The assessment of non-linear multi-variable models showed that
the exponential equation consistently yielded the best agreements for
the estimation of maximum VD. Model performance was higher for
lower temporal lags and increased with the buffer radius up to distinct
MEF peaks (Fig. 3). Two different interactions between larval habitat
drivers and maximum VD were observed: up to 2500 m, the equations
using static data combining land cover and distance to optimum
Fig. 2.Vector Density (VD) distribution for the four sampling regions. The boxes represent the VDdistribution comprised between the 25th and 75th percentiles; thewhiskers showwhere
the distribution reaches 1.5 times the inter quartile range and the red crosses are the VD values beyond thewhiskers. The solid line is themedian for each sampling period. Note that the y
axis has a different scale for each sampling region, in order to show properly the low values.
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performance was achieved with the combination of land cover and
dynamic vegetation data.
Using the static data approach, maximumVDwas directly related to
the presence of suitable land cover and inversely related with the dis-
tance to optimum breeding sites (Fig. 4a). The high model agreement
(MEF = 0.84) suggests that static landscape variables are the most
important factors driving maximum VD at each sampling site. When
coupling static land cover suitability with dynamic vegetation data,
the best agreement was found for EVI acquired the week prior to the
maximum VD's sampling date (MEF = 0.90, Fig. 4b). Integrating EVI
improved the cases of underestimation of maximum VD (e.g. Alqueva
sites 10 and 11 in Fig. 4). It is also noteworthy to mention that, when
coupled with land cover suitability, NDWI and NDVI also yielded goodFig. 3. Highest MEF distribution for larval habitat suitability estimation according to
different temporal lags and spatial buffer radius, considering data from all sites.agreements (MEF N 0.80). Although statistical modelling methods
enable the extrapolation to unsurveyed areas, predictions outside the
range of values of the ﬁtted data must be addressed with caution
(e.g. Machault et al., 2011). Thus, posterior extrapolations were
constrained to the maximum observed VD, i.e. 35 females col.−1 min.−1.
In conclusion, results indicate that static and dynamic variables
related with mosquito larval habitat suitability, especially land cover,
distance to breeding sites and EVI, can be used to accurately estimate
maximum site–level VDs.
3.3. Temperature suitability
3.3.1. Site–level relationships
The distribution of all VD estimates against the average T2m
for the three larval habitat suitability partitions, as presented in
Section 2.4.1, as well as the three best T2m effect models, are presented
in Fig. 5. Results show that An. atroparvus abundancewas constrained at
low and high T2m values, with higher VD values occurring between 19
and 25 °C. However, some relatively high-density values, not exceeding
10 females col−1 min−1, were observed outside the latter T2m range.
As expected, for the same T2m values, VDs were higher with increased
larval habitat suitability. Partitioning the observed VD according to the
dominant host type and region did not show any clear patterns (not
shown). For low larval habitat suitability sites, the existence of an
optimum temperature range was not evident and higher VD occurred
generally for T2m above 20 °C.
The calibrated T2m effect models were similar for minimum, average
and maximum T2m (not shown) and the use of T2m integrated at
different spatial buffer radius did not increase the explained variability
of VD, which could be explained by the low spatial variability of T2m.
The equations and the calibrated parameters for the three best T2m
effect models are detailed in Table 3. The distribution of the T2m effect
models supports the existence of an optimum average T2m around
22 °C (Fig. 5). Considering the relationship between the maximum
Fig. 4. Predicted against observed maximum peak density based a) only on static variables (distance to breeding sites and land cover; MEF = 0.84) and b) on both static and dynamic
variables (EVI and land cover; MEF= 0.90). The calibratedmodel equations for maximum vector density (MaxVD) are shown below the pairwise plot where a, b, c and d are parameters.
DistBreed is distance to breeding sites and LCover is land cover suitability.
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Gaussian model had the best performance with r2 = 0.74, 0.51 and
0.30 (p b 0.05) for high, medium and low larval habitat suitability
classes, respectively. The model calibration for each individual region
did not show signiﬁcant differences between optimum T2m (not
shown), just around1 °Chigher for Alqueva and East Algarve, the hotter
and more arid regions.
The effects of T2m seasonality on VD can be observed in Fig. 6. In
Comporta, the pattern was unimodal and high values of T2m effect
occurred consecutively from June until the end of September and
the T2m effect was above Topt (see Section 2.4.2) on average during
15 weeks per year. Both Alqueva and East Algarve presented similar
bimodal T2m effect patterns with a shorter number of consecutive suit-
able periods than in Comporta, occurring before and after the summer,Fig. 5. Vector density distribution and calibrated average temperature limiting effect for
the entire range of average T2m. Vector density is discriminated according to three classes
of larval habitat suitability (markers) and the three best temperature effect models are
shown in coloured lines: Gaussian (green), Log-logistic (red) and PI curve (blue).i.e. in May–June and September–October. In the summer, average T2m
was too high to enable enhanced vector development and the T2m
effect was above Topt on average during 6 to 8 weeks per year. In
Centre-West Algarve, the T2m effect seasonal distribution was between
those observed in the other study regions. Variabilitywas relatively high
and T2m effect was above Topt on average during 10 weeks per year.
Between June and October, there was low temperature limitation to
vector development, although the variability was very high during
July and August.
In conclusion, the use of satellite-derived T2m data allowed the
establishment of robust quantitative relations between temperature
and VD. It seems clear that vector abundance was favoured by average
T2m between 19 and 25 °C.
3.3.2. Spatial mapping
Grid-level extrapolation of T2meffect for vector development shows
a North–South gradient regarding the average number of total suitable
weeks per year (Fig. 7a). Temperature suitability is low atNorth, around
4 weeks per year, with the exception of few areas, such as the city of
Porto (41°N,8.7°W) and the easternDouro valley (41°N,7.5°W), a region
where high summer T2m is usually observed. Temperature suitability is
much higher at South, mostly above 8 weeks per year. In some areas,
such as the city of Lisboa (38.8°N, 9.1°W), Comporta andwesternAlgarve,
T2m is suitable for vector development on average for more than
14 weeks per year. A spatial pattern is evident in which temperature
suitability increasing from East toWest with a posterior slight decrease
in some coastal areas. Spatial patterns in southern Portugal are consis-
tent with the VD magnitudes across the four study region (see Fig. 2).
The average number of consecutive suitable weeks per year shows a
distinct spatial pattern (Fig. 7b)with the Southwest of Portugal standing
as the most suitable region. A clear difference between Southeast and
Southwest suitability is explained by the abovementioned T2mgradient,
creating two suitable periods per year (see Fig. 6). Two regions with
about 4 months of consecutive suitable T2m stand out: i) the upstream
part of the Sado estuary (38.3°N,8.5°W), where the Comporta sites are
located, and ii) the surroundings of the Tejo estuary (38.7°N,9.1°W),
dominated by irrigated agriculture and with high population density.
The inter-annual variability (i.e. the standard deviation) of temperature
Table 3
Calibrated model equations and parameters for the T2m effect.
Model equation Model parameters
Average T2m Maximum T2m Minimum T2m
a b c a b c a b c
1
ﬃﬃﬃﬃﬃﬃﬃﬃ
2π b2
p e−
T−að Þ2
2 b2
Gaussian 22.212 2.675 – 27.397 3.172 – 16.583 2.582 –
b=að Þ T=að Þb−1
1þ T=að Þb½  2
Log-logistic 22.347 13.804 – 22.538 13.431 – 16.774 10.641 –
T
aT2þbTþcð Þ PI curve 0.047 −2.145 24.569 0.0236 −1.309 18.377 0.138 −4.703 40.865
T represents the temperature variable in °C; a, b and c are the calibrated model equations' parameters.
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some low suitability areas (not shown).
In the areas with a moderate-high suitable period length, typically
above 10 suitable weeks per year, distinct temporal patterns of temper-
ature suitability are evident (Fig. 8). In the South, the time lag between
suitable periods decreases from East to West, increasing again in some
coastal areas. The areas with higher total and consecutive suitable
periods are located in the Comporta region and its surroundings, partic-
ularly northwards up to the Tejo River. In the South, a longitudinal band,
between 8 and 9°W that extends northwards within the latitudinal
range of 37–39°N, stands out as the most temperature-suitable area
forAn. atroparvusdevelopment. In theNorth, the temperature suitability
was considerably lower decreasing from East, where temperature is
typically higher, to West, where the temperature is too low for relevant
vector development. However, two areas stand out, namely the
upstream part of the Douro valley (41°N,7°W) and the city of Porto
(41°N,8.7°W).
In conclusion, extrapolating the relationships estimated at site–level
between VD and satellite-derived T2m allowed describing the spatialFig. 6. Intra-annual average T2m effect distribution for the four study regions considering t
(i.e. minimum tomaximum) of the temperature effect calculated for all sites in each study regio
optimum temperature effect threshold.distribution of temperature suitability for vector development in the
entire country.
3.4. Environmental suitability
3.4.1. Site–level relationships
The environmental suitability formosquito developmentwas charac-
terized by combining the effects of temperature and larval habitat suit-
ability. The interactions between VD and both temperature (absolute
and effect) and EVI (percentile 90) at site–level are presented in Fig. 9.
The use of EVI (p90) integrated over radii between 1500 and 3500 m,
highlighted better the relations between VD and vegetation and showed
clearer vegetation–temperature patterns than the remaining vegetation
indices. The spatial integration of T2m within a spatial buffer retrieved
similar results when compared with the single pixel value of the site's
location (not shown).
For high andmediumsuitability classes,most of the higher VD values
fell within the 19–25 °C optimum T2m range and were coincident with
EVIs higher than 0.3. The relationship between higher vegetationhe entire study time span (2001–2010). The coloured area represents the entire range
n. Theﬁlled line the average temperature effect and the dotted line the empirically deﬁned
A
verage num
ber of Suitable W
eeks per year
Fig. 7. Temperature suitability for vector development between 2001 and 2010: a) average number of total suitableweeks and; b) average number of consecutive suitableweeks per year.
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patterns of VD are explained by the combination between vegetation
greenness andoptimal T2m.High suitability classes represent ecosystems
for which the periods of high vegetation greenness and optimal temper-
ature overlap (Fig. 9a–b upper panel), particularly in late spring and
summer, as is the case of permanently irrigated land covers (e.g. rice
ﬁelds, golf ﬁelds) (see also Table 2). Medium suitability classes comprise
ecosystems where the temperature–vegetation patterns showed higher
variability, with an overall increase of greenness with temperature
increase until 20–22 °C (typically occurring in spring), followed by
a decrease of greenness with higher temperature (Fig. 9a–b centralFig. 8. Combination of average total number of suitable months and the time-lag between co
suitable weeks was converted to months by considering each month with 4 weeks. The time-
calculated considering only the largest consecutive period.panel). In this class, there were cases with higher VDs that also occurred
whenEVIwas high andT2mwas in the optimal range.Mediumsuitability
classes mainly included agricultural ﬁelds with sporadic or no irrigation
during the period of optimal T2m for vector development, including
orchards, olive groves, agroforestry, and heterogeneous agricultural
patterns, as well as some natural vegetation areas. Low suitability sites
showed a linearly decreasing temperature–vegetation relation with
higher vegetation greenness occurring when temperature was not suit-
able for vector development, and vice versa (Fig. 9a,b bottom panel),
associated to increasing ecosystems' water limitation as the warm and
dry season progresses.nsecutive suitable periods (Dsuitconsec term in Eq. 1) for 2001–2010. The total number of
lag between consecutive periods, when more than one consecutive period occurred, was
Vector D
ensity (females col.
-1
 m
in.
-1)
a b
Fig. 9. Scatter plots of VD versus T2m and EVI for different larval habitat suitability classes: a) average temperature (°C) and b) average temperature suitability.
125A. Benali et al. / Remote Sensing of Environment 145 (2014) 116–130In conclusion, high VDs and high larval habitat suitability tend to be
related with ecosystems where the high vegetation productivity period
coincides with the optimal temperature interval, generally spring and
summer.
3.4.2. Spatial mapping
The mapping of the potential maximum VD over the 2001–2010
period was done using static variables (Fig. 10a) and the combination
of both static and dynamic variables (Fig. 10b).
The Centre-South of Portugal has more areas with higher maximum
potential VD when compared to the North. Some large patches
of high maximum potential VD are common for both modelling
approaches: the Tejo and Sorraia valleys (39°N,8.8°W), the Sado valley
(38.3°N,8.5°W), the Guadiana river banks near Elvas (38.9°N,7.1°W),
the Mondego river banks (40.2°N,8.5°W), the Odemira (37.5°N,8.8°W)
and Idanha-a-Nova municipalities (39.9°N,7.2°W). All these patches
are located in or near extensive irrigated agricultural areas, usually
near reservoir systems and/or large rivers. The smaller patches with
high potential should not be considered as insigniﬁcant, as demonstrated
by the high VD values estimated in Comporta and Centre-West Algarve
(see Fig. 2).
The combination of maximum potential VD with growing length
suitability highlights the regions where both mosquito larval habitatand optimum T2m conditions coincided (Fig. 10c). The region with
highest suitability for An. atroparvus development is located between
37.5 and 39.5°N, with the exception of the South-West coast. Consider-
ing the consecutive suitable temperature window period, by comparing
Figs. 8 and 10c, it is clear that Sado (38.3°N 8.5°W) and Sorraia (39°N
8.8°W) valleys have the highest suitability in the entire study region.
In conclusion, the grid-based extrapolation indicated that the timing
of vegetation development in suitable habitats for mosquito breeding
with optimal temperature conditions is important for vector develop-
ment. Combining and extrapolating these factors allowed the identiﬁca-
tion of the areas with higher and lower suitability for An. atroparvus
development.
4. Discussion and conclusions
4.1. Larval habitat suitability
The site–level analysis showed that the estimated larval habitat suit-
ability based on land cover and EVI was strongly associated with maxi-
mumVDpeaks. The presence of irrigated agriculture in the surrounding
of the sampling siteswas consistentwith higher observed VDs, attesting
the impact of agricultural activities in Anopheles density (Minakawa
et al., 2005; Mutuku et al., 2009). Ninety percent of the maximum VD
Potential Maximum VD (fem. col.-1 min.-1)
a b c
Fig. 10.Maps of potential maximumVD integrated for 2001 and 2010 based on a) strictly static variables (see Fig. 4a); b) static and dynamic variables (see Fig. 4b) and; c) same as b) but
constrained by the average growing length suitability.
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The land cover suitability and distance to optimal breeding sites were
themost relevant factors accounting formore than80% of the variability.
The integration of dynamic vegetation data strengthened the predictive
accuracy of our modelling approach, particularly in sites prone to VD
underestimation. These results highlight the importance of combining
land cover and vegetation state information to describe the larval habitat
suitability of An. atroparvus.
Model accuracy was consistently higher when relevant variables
were spatially integrated through the use of circular spatial buffers
with two distinct peaks 2500 m and 3500 m. Both were signiﬁcantly
larger than previously reported by other authors for rice ﬁelds' habitats
(e.g. Cailly et al., 2011; Lourenço et al., 2011; Romi et al., 2012; Tran
et al., 2008). This difference can be explained by the narrow spatial
structure of rice ﬁelds and other irrigated agricultural areas, typically
located along river\estuary beds, which leads to higher correlations for
smaller spatial radius. The land cover heterogeneity in a buffer, along
with the relative contribution of the suitability of each class, was of
great importance and was captured by the percentile 90 of land cover
suitability statistic. These differences highlighted the importance of
sampling areas with different landscape characteristics in order to
account for the inﬂuence of spatial heterogeneity.
The achieved optimal spatial buffer radii arewell within the reported
ﬂight range of An. atroparvus (Cambournac & Hill, 1938; Kaufmann &
Briegel, 2004; Tran et al., 2008). Results suggest that, when females
have food available nearby, the ﬂight range tends to be smaller. The
host type, presence and its abundance may also have inﬂuenced the
determination of the larval habitat suitability. This aspect can be one of
the reasons behind the lower agreements in sampling sites with maxi-
mum VDs lower than 5 females col.−1 min.−1.Results showed that satellite derived vegetation indices acquired
between 8 and 16 days before vector sampling were consistently
more correlated with maximum VDs. This period is within the range
of days reported as the duration of larval development (15–20 days)
at optimum temperature conditions for An. atroparvus in Southern
Portugal (Cambournac & Hill, 1938; WHO, 1982).
Larval production is a function of complex interaction of several
habitat factors (Shililu et al., 2003) some of which cannot be captured
through satellite data. Local-scale factors that may inﬂuence VD, such
as water quality, sun exposure, characteristics of the agricultural facili-
ties, the presence or absence of animal hosts, host species, and local
sub-pixel landscape characteristics were not considered (Capinha et al.,
2009; Hutchinson, 2004; Minakawa et al., 2005). However, the results
obtained suggest that local scale factors have low impact on explaining
VD peaks and are probably more relevant in locations presenting low
An. atroparvus densities. Additionally, it should be referred that the sam-
pling frequency, choice of the surveyed facilities and weather-related
factors (e.g. wind) might have limited the acquisition of some VD peaks.
Although valuable information was retrieved for the larval habitat
suitability, it is important to recognize its limitations and how these
can be addressed in future work. Firstly, quantifying the suitability
based on descriptive information collected in literature and prior knowl-
edge may introduce high uncertainty. As an example, Sinka et al. (2010)
pointed out the uncertainty associated with the preference of An.
atroparvus for fresh or brackish waters, consistent with the wide spread
of salt concentration tolerated by this species found in literature (Bates &
Hackett, 1938; Hackett & Missiroli, 1935; Hutchinson, 2004). Secondly,
using a generic land cover classiﬁcation in which the same class can
have very different characteristics under different contexts encloses
important limitations. However, the use of satellite-derived vegetation
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tioned above. Thirdly, alternative modelling approaches more suitable
for ecological studies, such as generalized linear models, should be
explored in the future (O'Hara & Kotze, 2010). However, the very good
model adjustment attained in this work suggests that our modelling
approach is robust, contrary to theﬁndings of the former authors. Finally,
the spatial-temporal characteristics of larval sites should be more accu-
rately deﬁned, for instance, by using high resolution satellite data
(e.g. Dambach et al., 2009; Mushinzimana et al., 2006; Stoops et al.,
2008) and including information about the existence of permanent or
periodical ﬂooding (Pope et al., 1994; Soti et al., 2009). Although larval
habitats may not be directly detectable through remote sensing, satellite
data can be used as a proxy to identify land covers where habitats are
likely to occur (e.g. Minakawa et al., 2005; Mutuku et al., 2009).
4.2. Temperature suitability
The relations between temperature and VD showed the existence
of an optimum T2m range for An. atroparvus development between
13–19 °C, 19–25 °C, and 24–30 °C for minimum, average and
maximum T2m, respectively. The calibrated temperature effect models
showed that the optimum T2m was described by a unimodal distribu-
tion stressing the importance of considering both lower and upper
T2m constraints on vector population. Density values increased with
temperature up to a point when it may be assumed that adult mosquito
survival was probably limited by high temperature (see Fig. 6), in agree-
ment with the unimodal temperature dependence of biochemical reac-
tions' kinetics (Chapra, 1997). Kuhn et al. (2002) also showed the
existence of lower and upper T2m limitations for An. atroparvus
development but presented a lower optimum range than the one
found in thiswork. Although results are not directly comparable, because
those authors used vector presence and not density values, the differ-
ences are probably justiﬁed by the coarse climatic dataset used and the
inclusion of regions other than Portugal. Mosquitoes sampled in regions
with different T2m patterns and the use of an accurate, ﬁne-scale
satellite-based T2mdataset (Benali et al., 2012)were essential to achieve
the results presented in this work. However, the comparison with the
work of Kuhn et al. (2002) suggests that future work should extend
the study of these relationships to different climatic areas where An.
atroparvus is also present.
In a high larval suitability site located in Comporta, density values
between 2 and 9 females col.−1 min.−1 coincided with low modelled
optimum T2m conditions (Fig. 5). During low-temperature periods
An. atroparvus rests inside warmer animal shelters and feeds periodical-
ly, if a host is present, but without laying eggs (Hutchinson, 2004). These
two facts, together with small scale variability due to the number and
type of hosts and the shelter's characteristics (Capinha et al., 2009), can
explain the higher values observed at low temperature. However, errors
in the satellite-derived T2m dataset cannot be excluded as a potential
cause, since its accuracy is lower in coastal areas (Benali et al., 2012).
Model performance was also affected by the unbalanced inter-region
distribution of samples that introduced a small bias in the calibration of
the T2m effect models. About 40% of the data was sampled in Comporta,
where the temperature is typically mild throughout the year, which led
to a slightly lower optimum T2m value estimation. We assume that if
the vector samples were evenly distributed, the optimum range would
probably be slightly higher. Nevertheless, the shape of the T2m effect
curve was supported by the observed VD distribution (Figs. 2 and 5).
These results highlight the importance of performing vector collections
over a wide spatial rangewith different T2m seasonality andmagnitude,
as well as in locations with different larval habitat suitability.
The temporal distribution of the temperature effect had two distinct
seasonal patterns in the four study regions. Firstly, a unimodal time-
window with several consecutive suitable weeks per year, when com-
bined with spring–summer irrigated agriculture, like in Comporta, lead
to consistently high VD values from June to September (see Fig. 2).Secondly, a bimodal temperature suitability window, occurring usually
before and after summer, in which high summer temperature probably
decreased vector survival limiting its development (Cambournac & Hill,
1938), like in East Algarve and Alqueva. These different temporal
patterns of the temperature effect closely follow the seasonality of
T2m, particularly in areas where T2m is too low and/or where the sum-
mer is too hot for optimal vector development. The seasonality of the
temperature effect was also inﬂuenced by the Topt parameter which
was set to reﬂect conditions were vector development was not signiﬁ-
cantly limited by T2m. Although Topt was empirically deﬁned, no VD
values above 10 females col.−1 min.−1 were coincident with a Topt
below 0.7 (Fig. 9b) and about 70% of the sites had their maximum VD
above 0.7 (not shown).
As expected and supported by literature, temperature suitability in
the South of Portugal was much higher than in the North, where vector
development was probably constrained by the lower T2m, consistent
with the decrease of T2m with increased latitude (e.g. Benali et al.,
2012). A large area stood out in the Northeast of Portugal, the upstream
part of the Douro valley, that was an endemic malarial area in the past
(Bruce-Chwatt & Zulueta, 1977; Cambournac, 1942). Temperature suit-
ability also showed a longitudinal gradient, reﬂecting the positive T2m
magnitude and amplitude gradient from coastal to interior regions, due
to the dampening effect of the ocean on T2m (e.g. Benali et al., 2012).
The spatial distribution of temperature suitability greatly resembles
the previous malaria distribution (Cambournac, 1942, see Fig. 3 in
Capinha et al., 2009; Bruce-Chwatt & Zulueta, 1977). However, the com-
parison between habitat suitability presented by Capinha et al. (2009;
see Fig. 2) and temperature suitability developed in this work (Fig. 5)
shows signiﬁcant differences in the Southeast of Portugal. The inclusion
of an upper T2m limit is probably themain reason for those differences,
since it was the only region in Portugal where extreme temperature in
the summer may consistently constrain vector development.
The comparison between VD and the seasonal distribution of tem-
perature suitability at site–level (Figs. 2 and 6) showed that densities
were higher in siteswith higher consecutive suitable periods. This raises
an interesting question about the ecology of An. atroparvus that should
be addressed in future research. Clearer insights on the impact of
consecutive suitable periods on vector densitywill be relevant to under-
stand the response of vector dynamics to future temperature changes
projections.
Although other authors have previously used satellite-derived
climatic surrogates to map the range of malaria vectors (e.g. Lindsay
et al., 1998), the use of accurate satellite-derived air temperature data
is a novelty. This data set can depict local temperature variations,
which are not captured using sparse climatic data (Zhou, Minakawa,
Githeko, & Yan, 2004), therefore improving the accuracy of spatial vector
modelling.
It is noteworthy to discuss the impact of two other climatic variables
that are relevant formosquito development andwhichwere not included
in this work. Relative humidity inﬂuences mosquito survival by affecting
its internal water balance and is thermodynamically related to tempera-
ture. Longevity is lower at humidity extremes and generally higher with
increased humidity within the suitable humidity range (e.g. Service &
Townson, 2002; WHO, 1982). Rainfall affects mosquito density directly
due to the formation of breeding sites and indirectly due to the increase
in relative humidity (e.g. Mushinzimana et al., 2006). In regions where
surface water availability is not directly dependent on rainwater, rainfall
is probably not a relevant factor (Service & Townson, 2002). Anopheles
atroparvus is known to breed in a wide range of habitats which are not
closely dependent on rainwater (Sinka et al., 2010). In fact, Paaijmans,
Wandago, Githeko, and Takken (2007) showed that high rainfall intensi-
ties can have a negative impact on VD by ﬂushing its immature stages.
The uncertainties about the impact of these climatic drivers and absence
of reliable and accurate datasets of rainfall and relative humidity justify
their non-inclusion in the present analysis. Moreover, rainfall and
temperature are out of phase under Mediterranean water-limited
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the relative impact of both variables on An. atroparvus development.
4.3. Environmental suitability
The partition of larval habitat suitability classes highlighted different
environment–mosquito site–level relationships. For high and medium
larval habitat suitability sites, the temperature-dependence of VD was
clear with a noticeable VD increase with EVI increase in the optimum
T2m range (Lourenço et al., 2011). For low suitability sites, the optimum
T2m range was wider and the temperature-dependence was less clear.
Results suggest that T2m has low relevance in vector development
when VD is primarily constrained by low suitable breeding conditions.
These relationships must be considered only as indicative of the generic
unimodal shape of the temperature inﬂuence since mosquitoes are
inﬂuenced by ﬁne-scale micro climate conditions, such as sun exposure
and local variations in temperature due to the presence of vegetation
and water (e.g. Minakawa et al., 2005; Pires et al., 1982). Nevertheless,
considering the global objective of this study, the role and interplay of
macro-scale factors favouring higher VDs were clearly identiﬁed.
The temperature/vegetation domain has been used by several
authors to characterize ecosystems and derive environmental parame-
ters (e.g. Sandholt, Rasmussen, &Andersen, 2002). The vegetation indices
were used with the assumption that in typical dryland Mediterranean
systems, higher values in the summer are indicative of irrigated surfaces.
Results showed that under these conditions, VDs tend to be high. On the
other hand, in semi-arid non-irrigated ecosystems, where there was a
marked linearly decreasing temperature–vegetation relation, VDs were
usually low. These occur in natural Mediterranean ecosystems, winter
crops and pastures, where vegetation productivity is concentrated in
the winter wet season (see e.g. Sandholt et al., 2002). In such cases,
therewas a clear shift between high vegetation index values and optimal
T2m; vegetation indices did not increase during the optimal T2m range.
Some sites had intermediate conditions and were mainly classiﬁed as
having medium habitat suitability surrounded by areas presenting
short periods of high vegetation index values concomitant with the
optimumT2m range. This reﬂects the typical seasonal vegetation growth
pattern in water-limited Mediterranean regions, with a synchronized
spring increase in vegetation cover and temperature, until soil moisture
is depleted, followed by a summer dry season during which vegetation
growth is severely limited (e.g. Evrendilek & Gulbeyaz, 2008; Joffre,
Rambal, & Ratte, 1999;Melendez-Pastor, Navarro-Pedreño, Koch, Ignacio
Gómez, & Hernández, 2010).
Environmental suitability mapping allowed the identiﬁcation of
some regions with high potential maximum VD, mainly located within,
or nearby, extensive irrigated agricultural ﬁelds. By comparing the
former malaria distribution in Portugal (Cambournac, 1942; see Fig. 3
in Capinha et al., 2009) with the potential maximum VD maps (Fig. 10),
we could assess that the majority of the areas coincide, supporting the
ﬁndings of Capinha et al. (2009). An exception is the upper Douro Valley,
although temperature conditions are suitable in that region. We hypoth-
esize that land cover or agricultural practices have changed in the past
50 years, with extensive land abandonment and afforestation (Jones, de
Graaff, Rodrigo, & Duarte, 2011), which may have led to changes in
habitat suitability.
The ongoing expansion of the irrigated area supported by the
Alqueva dam can potentially create more suitable conditions for
mosquito development. A brief inspection of the NDVI maps between
2001 and 2007 in this region shows an increase of areas with high
vegetation productivity during Spring–Autumn, consistent with the
gradual expansion of the irrigated perimeter around the dam. In fact,
most of the highest densities in Alqueva occurred in 2007. Thus, the
abovementioned vegetation, temperature and VD relations can be con-
sidered valid for sites with high and medium habitat suitability, where
periodical irrigations coincidewith the optimum temperature period(s)
for vector development.The suitability for vector development is better assessed by using
temperature and mosquito breeding conditions in conjunction. The use
of dynamic satellite-based vegetation indices along with land cover
information is a novelty and results showed it improved the estimation
of environmental suitability for vector development, when compared
with using solely land cover data. Although both approaches showed
similar patterns, due to the use of a common land cover suitability vari-
able, some relevant differences should be underlined. In agricultural
areas, the use of a dynamic vegetation index during the optimal T2m
period highlights the location of summer crops, while the static
approach described only broad agricultural classes. Additionally, water
bodies without suitable vegetation nearby presented high larval habitat
suitability in the static approach, but low in the dynamic approach.
Moreover, satellite-based vegetation indices can also reduce the impact
of uncertain empirical larval habitat scoring and land cover change or
misclassiﬁcation, particularly in agricultural classes which play a very
important role in An. atroparvus density distribution. Dynamic vegeta-
tion variables can be used in future work to assess the potential impact
of changing agricultural practices and/or land use on the suitability of
vector development.
As mentioned previously, the exponential equation to model the
maximumVDhas clear limitationswhen applied outside the calibration
conditions. Therefore, its application should be addressed with caution
due to the fact that under certain conditions the equation can generate
unrealistic high values of potential maximum VD. Thus, the resulting
map should be considered as an indicator of the potential maximum
VD, highlighting the areas of potentially high, medium and low VDs,
and could potentially be used as an indicator of risk ofmalaria resurgence.
This work pointed out the relative importance of environmental
factors and how they interplay, contributing to improve the state-of-
knowledge about vector ecology. It does not state that malaria risk has
increased or that it will be reintroduced in Portugal, since this depends
on several other factors not explicitly considered here. Confusing
modelling results with reality would be incorrect. Results can be used
to plan vector sampling, identifying areas with higher risk of malaria
resurgence and prioritize preventive vector control measures in the
future (Shililu et al., 2003; Shroeder & Schmidt, 2008). Additionally,
this work may contribute to a better deﬁnition of a well-established
method to determine malaria risk, the basic reproduction rate (R0) and
to understand the potential risk of malaria resurgence in European
countries (Lindsay et al., 2010).
Given the widespread dissemination of remote sensing data, the
conceptual approach presented here can be potentially applied to
other regions of the world. Nevertheless, application to other regions
needs to be assessed with in-situ data. The knowledge of An. atroparvus
bionomics would greatly beneﬁt from studying areas with different
climatic conditions and other land covers than the ones present in the
surroundings of our sampling sites. Moreover, this methodology may
also be used to model other competent European vector species by
performing adjustments according to their speciﬁc bionomics. The
knowledge attained in this work regarding the relationships between
An. atroparvus and environmental drivers allows subsequent studies
on the past, present and future changes on the vector's spatial and tem-
poral distribution.
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.rse.2014.01.014.
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